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Abstract: Air pollution is reported as one of the most severe environmental problems in the Middle
East and North Africa (MENA) region. Remotely sensed data from newly available TROPOMI -
TROPOspheric Monitoring Instrument on board Sentinel-5 Precursor, shows an annual mean of
high-resolution maps of selected air quality indicators (NO2, CO, O3, and UVAI) of the MENA
countries for the first time. The correlation analysis among the aforementioned indicators show the
coherency of the air pollutants in urban areas. Multi-year data from the Aerosol Robotic Network
(AERONET) stations from nine MENA countries are utilized here to study the aerosol optical
depth (AOD) and Ångström exponent (AE) with other available observations. Additionally, a total
of 65 different machine learning models of four categories, namely: linear regression, ensemble,
decision tree, and deep neural network (DNN), were built from multiple data sources (MODIS,
MISR, OMI, and MERRA-2) to predict the best usable AOD product as compared to AERONET data.
DNN validates well against AERONET data and proves to be the best model to generate optimized
aerosol products when the ground observations are insufficient. This approach can improve the
knowledge of air pollutant variability and intensity in the MENA region for decision makers to
operate proper mitigation strategies.
Keywords: AERONET; MISR; MODIS; aerosol optical depth; aerosols; MENA region; machine
learning; deep neural network; health effect
1. Introduction
According to World Health Organization (WHO), cities of the Middle East and North Africa
(MENA) fared among the worst in terms of air quality [1], with some of the air pollutant components
exceeding five to ten times of the WHO limits. For developing countries, 98 percent of the cities
with over than 100,000 population did not meet the WHO air quality standard. Over the past few
decades, the air quality in the MENA regions has further deteriorated with nearly doubled emission of
carbon dioxide (CO2) [2]. Some major MENA cities are listed among the world’s most air polluted
cities [3]. For instance, Riyadh in Saudi Arabia ranked 7th with highest PM10 concentrations of around
368 µg/m3 and Bahrain ranked 11th with 318 µg/m3, whereas the list also included other cities such as
Cairo and Dammam [1]. Additionally, according to Arab Forum for Environment and Development
(AFED) 2017 report, the United Arab Emirates (UAE) was the world’s most polluted country with
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regard to small particulate matter [4], having the highest exposure to PM2.5 emissions around 80 µg/m3.
The AFED report in 2008 [5] demonstrated that air quality degradation in major MENA cities and
urban regions mainly resulted from transportation sector (e.g., vehicles emission of carbon monoxide,
nitrogen oxides, and ozone gas in Bahrain [6]) and energy sector such as thermal power plants emitting
high quantities of greenhouse gases [7]. The major emitted air pollutants include carbon monoxide,
sulfur oxides, nitrogen oxides, lead, ozone, and volatile organic compounds (VOCs).
It is well-known that air quality degradation has both short- and long-term effects on human
health. For instance, premature mortality cases in Egypt have been reported and linked to outdoor
air pollution (5 out of 10,000 people) [8]. More frequent and intense air pollution episodes have been
observed recently in different cities of MENA region. These pollution episodes can be quite costly
reaching up to five percent of GDP in developing countries and two percent in developed countries,
including mortality, chronic illness, lower industrial and agricultural productivity, and hospital
admissions [9]. For example, Cairo population suffers from major cardiovascular and respiratory health
impacts [10], where human respiratory systems can be severely damaged by dust, tiny soot fragments,
and pollutant particulates. Human health in these areas fluctuates, mirroring the natural and financial
circumstance of the various nations. A few nations, where neediness is high, have high infant mortality
rates. Moreover, it is noteworthy that further effects are expected because of environmental factors,
for example, heat and pressure contributing to potential increase in vector-borne (e.g., intestinal
sickness) and waterborne infections. Atmospheric and climate models show temperature increase by
1 ◦C–2 ◦C by 2030–2050, with more severe related atmospheric incidents and particulate loadings in
late springs. As extraordinary temperatures are as of now happening in the MENA region, even a little
ascent in temperature can have a drastic impact on human health and their wellbeing. More heat wave
and extreme warmth related mortality cases are expected to constantly increase. Moreover, satellite
observations with model projections show great precipitation fluctuations on different regions within
the MENA posing higher risk to water accessibility and nourishment generation, which will prompt
a bigger wholesome and cleanliness issues [11]. A hotter atmosphere can extend the scope of bearers
of jungle fever, yellow fever, dengue fever, and other vector-borne maladies. The absence of solid
general wellbeing framework in certain nations, especially in sub-Saharan Africa and the MENA,
will render them progressively powerless against anticipated increase in the lengths of plague seasons
and geographic scope of the previously mentioned vector-borne ailments [12]. Among the human
wellbeing, impacts of dust storms are respiratory disorders (counting asthma, tracheitis, pneumonia,
unfavorably susceptible rhinitis and silicosis), cardiovascular scatters (counting stroke), conjunctivitis,
skin disturbances, meningococcal meningitis, valley fever, infections related to harmful algal blossoms
and other wounds identified with transport mishaps [13].
Previously launched satellite sensors, such as ozone monitoring instrument (OMI) and atmospheric
infrared sounder (AIRS) both on board of the NASA Aura spacecraft [14,15], measure key air quality
indicators such as nitrogen oxides (NOx), carbon monoxide (CO), sulfur oxides (SOx), ozone (O3), and
other aerosols’ related products. However, the low resolution of these products (as fine as 0.25 degree)
limits their applicability to regional air quality studies, particularly at the district level of urban cities
and centers.
Geographically, the MENA region is halfway situated in the purported dust-belt [16] and hence,
is unequivocally affected by characteristics sources. This is evident from the high aerosol optical
depth (AOD) values recorded from these satellite observations [17]. The AOD parameter, sometimes
referred to as aerosol optical thickness (AOT), shows the termination of a light emission as it goes
through a layer of atmosphere that contains aerosols. Progressively, natural dust is enhanced nearby
local anthropogenic emanations related to the financial and populace development on the Arabian
Peninsula, which adds to the pollution beginning from Europe, Asia, and Africa. Since North African
region contains the Sahara Desert, the biggest dust source on the planet, it contributes up to 18 percent
of the worldwide dust emission [18–20], as well as to pollutant transport with the blowing dust [21,22].
This is in addition to the uncommon monetary development, a blasting oil and gas industry. Therefore,
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air quality over the MENA region has gotten noteworthy consideration amid the previous 15 years
and yet the air pollution contemplates are still a long way from complete.
This situation also adds complications when investigating the origin and composition of the
emerging aerosols, since natural and anthropogenic aerosols suspended in the atmosphere are portrayed
by their various sources, fluctuating particle dynamics, lifetimes, interactive mechanisms, and surface,
and column disseminations. Distinguishing blends containing distinctive aerosol types like dust,
carbon, sea salt, sulfate, or nitrogen are achieved through the synergistic approaches of spaceborne
and in situ observations [22,23]. Optical strategies are utilized to gauge particle sizes; nonetheless,
deciding particle types requires more data with respect to aerosol sources, directions, local geography,
and atmospheric conditions. As for radiative impacts, aerosol properties and types are the main input
parameters for acquiring exact climate forecasts [24–26].
Since the turn of the 21st century, an upward pattern of remotely detected and ground-based AOD
and air poisons was seen over the MENA [23,27–31]. This positive pattern is ascribed to the expansion
in the Middle Eastern residue movement because of changes in wind speed and soil dampness [32,33].
For its wide spatial and worldly information, accessibility space-conceived sensors are vital sources
to comprehend aerosols’ attributes and transport under some physical conditions and high surface
reflectivity. On the other hand, low aerosol optical depth can constrain satellite data application in
describing properties of airborne particles, particularly over the MENA region.
This work sheds light on using updated high-resolution remotely sensed data to address multiple
components of air pollutant over the MENA area and their associated health impacts. The available
ground station measurements of aerosols’ characteristics are used here to outline the aerosol variability
among selected MENA countries. Additionally, we combined the most recent 20 years of satellite data
with available ground data to improve the creation of AOD products over the MENA countries using
the optimize machine learning algorithms to be used whenever ground observations are missing.
2. Materials and Methods
2.1. Study Area
The MENA region, housing 28 nations and with 357.3 million inhabitants, is seen as a major player
with increasing importance and contribution to the global economy. Geographically, it is partiality
located between Europe and Asia, and is one of the world’s richest regions in terms of resources, since it
includes oil-rich countries. Among the challenges faced by the MENA region, the constant increase
of population, lack of sustainable management strategies for resources along with water scarcity
issues associated with different lifestyles are crucial. Additionally ongoing environmental changes
would pose further risks particularly with the continuing trends of lesser precipitation and increasing
temperature anomalies [34–36]. For instance, in 1989–2009, the Northwestern Sahara experienced
40–50 heat wave days of the year, while there is an anticipated increase in this number of warmth wave
days to be around 173 days out of each year over the 21st century [35]. In this work, we focus our
analysis on only nine nations within the MENA region (Figure 1).
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2.2. TROPOMI Sentilnel-5P Dataset
The European Space Agency (ESA) launched Sentinel-5 Precursor satel ite on October 1 , 2 to
monitor the global air pollution using the onboard sensor referr TROPOMI (TROPOspheric
Monitoring Instrument) [37]. The datasets rsions Near Real-Time (NRTI) and Offline
(OFFL). In this res arch, we used the Google E rt i ( E) [38] t ol to process the air quality
datasets of TROPOMI products, including OFF c l e sity (CO_column_number_density in
the unit of mol/ ˆ2), NRTI NO2 column density (NO2_column_nu ber_density in the unit of mol/mˆ2),
NRTI O3 column density (O3_column_number_density in the unit of mol/mˆ2), NRTI SO2 column density
(SO2_column_number_density in the unit of mol/mˆ2), and Ultraviolet (UV) Aerosol Index (UVAI), whose
negative or small values representing non-absorbing aerosols while larger positive values representing
absorbing aerosols (e.g., dust or smoke) (absorbing_aerosol_index as unitless). Among them the SO2
product is only used in the time series example of subregions’ differences within urban Cairo, since
the SO2 data is only available after October 2, 2018. The NO2, CO, O3, and ultraviolet aerosol index
(UVAI) products are used to generate the annual averaged map of MENA region during July 11, 2018
till July 10, 2019, as well as correlation analysis using their anomalies value Xa is calculated as:
Xa X − X (1)
where X is the daily value and X is the monthly mean value. The Google Earth Engine is an effective
tool for environmental research in the MENA regions as it is confirmed by previous studies [39–41].
2.3. AERONET Data Measurement
Aerosol optical properties in the atmospheric column are routinely observed within the
AERONET (Aerosol RObotic NETwork) [42] program. This is an organization of ground-based
remote sensing aerosol networks set up by National Aeronautics and Space Administration (NASA)
and LOA-PHOTONS Centre National de la Researche Scientifique (CNRS) and is significantly extended
by associates from national offices, f undations, colleges, singular researchers, and accomplices.
The system compris s of in excess of 500 globally distributed sun and sky-scanning automated
radi meters. The institut onalized system techniqu s of instrument upkeep, alignment, c oud screening,
and information preparing take in o cc unt the quantitativ correlation of the airborne information
acquired at va ious ccasions and areas [42,43]. These instrume ts can just rec ver information mid
daytime, since they depe d on termination estimations of the immediate and dissipated sun orie ted
radiation at a few ostensible wavelengths (340, 380, 440, 500, 675, 870 and 1020 nm in addition to
a 936 nm water vapor band). During calibration periods, the instrument is out of activity while
important yearly adjustment is completed. Therefore the information inclusion in a given station is
regularly constrained to 100–250 days of the year. The typical uncertainty in the AOD estimated by
AERONET instruments ranges from 0.01 to 0.02 and is spectrally dependent with higher errors in the
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UV spectral range [42,44]. This data is provided in three categories: Level 1.0 (unscreened), Level 1.5
(cloud-screened and quality controlled), and Level 2.0 (quality-assured). Inversions, precipitable water,
and other AOD-dependent products are derived from these levels and may implement additional
quality checks [43,45] and are used to derive the extinction Ångström exponent (α) utilizing the
measured aerosol optical properties and AOD spectral dependence (text) with wavelength (λ).
Since one objective of this work is to get an aerosol characterization over a substantial district with
standardized measurements, quality-guaranteed direct-sun information in the 550 nm wavelength
run is utilized since these channels are profoundly exacted and are accessible in most AERONET
instruments. In order to accomplish a decent spatial inclusion, stations which provided data covering
at least the 12 months of the yearly cycle within the October 1998–December 2017 period were chosen
(Table 1).
Table 1. The location of the nine selected AERONET stations.
Stations Period of Available Data Latitude Longitude
Morocco (Dhakla) February2012–December2017 23.717N 15.950W
Tunisia (Ben salem) June2013–December2017 35.551N 9.914E
Algeria (Blida) October2003–January2017 36.508N 2.881E
Egypt (Cairo EMA) April2010–December2017 30.081N 31.290E
Israel (Nes-Ziona) October1999–December2017 31.922N 34.789E
Bahrain (Bahrain) October1998–October2006 26.208N 50.609E
Kuwait (Kuwait Airport) June2006–December2017 29.325N 47.971E
Saudi-Arabia (Solar Village) February1999–May2013 24.907N 43.397E
UAE (Dhabi) October2003–August2017 24.476N 54.329E
2.4. Modeling of AOD Using Satellite and Ground-Based Datasets
The satellites and ground-based instruments can be utilized to quantify AOD in the atmosphere,
yet inside similar transient directions and geographic area distinctive instruments could create diverse
recoveries [46–49]. In addition, these instruments can accurately retrieve aerosol particle properties,
such as aerosol’s morphology and radiative absorption [50], in order to provide key role in studying
the horizontal variation and characteristics of aerosols [51].
In this research, we used five different aerosol AOD monthly dataset sources, including MODIS
(both on board of the Terra and Aqua satellites), MISR (on board of the Terra satellite), Ozone
Monitoring Instrument (OMI) (on board of the Aura satellite) and AOD monthly values derived from
MERRA2 (The Modern Era Retrospective-Analysis for Research and Applications) model [46,52–55],
to build various machine learning models and evaluated by the same periods of AERONET available
observations of the selected stations. A total of 939 observations are selected in the dataset, where each
observation have five input parameters (MERRA2_AOD, MISR_555 nm, TERRA AOD, AQUA AOD
and OMI 500 nm), as well as the objective field (AERONET_AOD_550 nm). The input parameters
are selected based on their different types (model and satellite observations) and different bands
(e.g., 500 nm and 550 nm), as well as different satellite capturing times (e.g., Terra and Aqua visit same
location at different times during the day) that provide adequate information of the daily AOD situation.
The dataset is split by the ratio (9:1) into training dataset and testing dataset, respectively. The training
dataset has 845 observations but some missing values exist in some parameters (0 missing value
of MERRA2_AOD, 108 missing values observation of MISR_555 nm, 145 missing values of TERRA
AOD, 186 missing values of AQUA AOD and 145 missing values of OMI 500 nm). The testing dataset
has 94 observations but also with missing values in parameters (0 missing value of MERRA2_AOD,
12 missing values observation of MISR_555 nm, 21 missing values of TERRA AOD, 27 missing values
of AQUA AOD and 15 missing values of OMI 500 nm). The missing values may have impact on the
evaluation process but the result is still acceptable for the sufficient values of testing dataset.
Machine learning methods have been applied to achieve better accuracy of measurements of
dust aerosols (AOD and Ångström exponent) in previous studies [56–59]. Here, we built various
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supervised machine learning models, each assigned different parameters, including 61 Ensemble
including Random Decision Forests, 1 Decision Tree, 1 Linear Regression, and 2 DNN. The models
used R-squared values and MAE (mean absolute error) as the training metrics and cross validation for
the evaluation process.
Different supervised learning algorithms can be used to solve the same classification and
regression problem. However, the model performance highly depends on the data characteristics (e.g.,
the linear/non-linear relationships between the predictors and the objective). Even the best algorithm
for the data characteristics has been selected; very different results can be yielded with the infinite
combinations of its parameter values. Traditionally, it requests intensive manual experimentation to
perform model selection and parametrization, since it is very difficult to know in advance which model
is the most suitable for the problem until the researches try all of them. Therefore, the automated
optimization methods, such as sequential model-based algorithm configuration (SMAC) [60] used in
this study, have been proposed to overcome this difficulty. In this study, we perform the Bayesian
parameter optimization for the model selection and parameter tuning using the OptiML platform
(https://bigml.com/api/optimls), which sequentially tries groups of parameters training and evaluating
models using them, then tries a new group of parameters based on the updated results. During the
process, the Monte Carlo cross-validation [61] is iteratively performed on those models close to the
optimum, where the platform iteratively makes new train and test splits of the original dataset for the
top half of the models and discards the rest half models for poor performance. The advantage of this
method (over k-fold cross validation) is that the proportion of the training and validation subsets is not
dependent on the number of iterations (k-folds). OptiML tries different supervised models for solving
the regression problems, including: linear regression, decision trees, ensembles (up to 256 trees), and
deep neural networks (DNN).
The linear regression is a simple supervised machine learning method that implements multiple
linear regression where the objective field is modeled as the following linear combination:
y = b0 + b1 × x1 + b2 × x2 . . . + bn × xn (2)
where the equation produces an estimate value from the coefficient values b0, . . . , bn using a least-squares
fit on the training data of the predictors x1, . . . , xn in numeric values.
The decision tree is a class of machine learning algorithms used to solve both regression and
classification problems. The nodes and branches form a tree graph as a model of decision. The nodes
representing the predictors or labels influence the predictive path, and the branches represent the rules
followed by different algorithms to make a given prediction.
The ensemble is a strategy that groups a number of models together to create a stronger model,
which can significantly boost the predictive performance for single models using the same data
while the improvement depends the nature of your data and the specific parameters of the ensemble.
OptiML provides the ensemble models with the following three techniques: bagging, random decision
forests, and gradient tree boosting. Bagging, aka. bootstrap aggregating [62], is a simple but effective
ensemble-based strategy to use a different random subset of the original dataset for each model in the
ensemble. Random decision forests [63] is another strategy that, essentially, selects a new random set
of the input fields at each split while an individual model is being built instead of considering all the
input fields. The gradient tree boosting is the third strategy that with boosted trees; tree outputs are
additive rather than averaged (or decided by majority vote) and each tree modifies the predictions of
the previously grown tree. It differs from previous two strategies since it does not try to predict the
objective field directly but to fit a “gradient” to correct mistakes made in previous iterations.
The deep neural networks are implemented as a class of supervised learning algorithms to solve
regression and classification problems. The input features are fed to one or several groups “nodes,”
each group of nodes form a “layer”. Each node is essentially a function on the input that transforms
the input features into another value or collection of values. This process continues layer by layer, until
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we reach the final output (prediction), an array of per-class probabilities for classification problems or
a single, real value for regression problems.
3. Results
3.1. Comparision of Air Pollutant Components among Differences Regions within Urban Cairo Area
Figure 2 illustrates the application of using high-resolution products of TROPOMI for detecting
the differences within the urban region—the example of three locations (central, south, and north) of
metropolitan Cairo area. The selected locations are all separated from each other by less than 25 km,
which is the spatial resolution of OMI product. Apparent differences between the locations are found
except the O3 products. The emerging SO2 event of March 20th occurred in central location but was
not observed in the south and east locations. Such disagreements are also found in the NO2 values
during April 3rd and UVAI values during March 5th. These values would otherwise turn out to be the
same if the OMI data is used in the same assessment. The advantage of using TROPOMI products is
therefore confirmed when compared with coarse resolution remotely sensed products.
Remote S ns. 2019, 11, x FOR PEER REVIEW 7 of 24 
 
3. Results  
3.1. Comparision of Air Pollutant Components among Differences Regions within Urban Cairo Area 
Figure 2 illustrates the application of using high-resolution products of TROPOMI for detecting 
the differences within the urban region—the example of three locations (central, south, and north) of 
metropolitan Cairo area. The selected locations are all separated from each other by less than 25 km, 
which is the spatial resolution of OMI product. Apparent differences between the locations are found 
except the O3 products. The emerging SO2 event of March 20th occurred in central location but was 
not observed in the south and east locations. Such disagreements are also found in the NO2 values 
during April 3rd and UVAI values during March 5th. These values would otherwise turn out to be 
the same if the OMI data is used in the same assessment. The advantage of using TROPOMI products 
is therefore confirmed when compared with coarse resolution remotely sensed products. 
 
Figure 2. Time series of air quality indicators (CO, SO2, NO2, O3, and UVAI) over three locations 
within the urban Cairo from March 1 till April 30, 2019. 
3.2. Seasonal Air Polluant Climatology Distribution over MENA Region Using Sentinel 5P TROPOMI and 
MERRA-2 AOD Products 
Figure 3 shows the seasonal (DJF = Dec–Feb, MAM = Mar–May, JJA = Jun–Aug, SON = Sep–Nov) 
maps of the air quality parameters from TROPOMI (UVAI, CO, NO2, O3 SO2) during July 11, 2018 
to July 10, 2019, as well as MERRA-2 AOD during 1980 to 2018 in the MENA region. Apparent 
coherency is found between the UVAI (Figure 3a) and AOD (Figure 3f) maps, suggesting UVAI can 
be an indicator to AOD, and vice versa. High CO area usually distributes in the regions with lower 
altitude, yet covering the entire MENA during MAM. No significant seasonal variation is observed 
in NO2 and SO2 maps, while numerous red spots in the SO2 map are randomly distributed noised 
values, which may be due to the lack of observations shown in Figure 2. Meanwhile, the O3 map 
i e s ries f ir lit i i t rs ( , , 2, ,
, .
3.2. Seasonal Air Polluant Climatology Distribution over MENA Region Using Sentinel 5P TROPOMI and
MERRA-2 AOD Products
Figure 3 shows the seasonal (DJF = Dec–Feb, MAM = Mar–May, JJA = Jun–Aug, SON = Sep–Nov)
maps of the air quality parameters from TROPOMI (UVAI, CO, NO2, O3 SO2) during July 11, 2018
to July 10, 2019, as well as MERRA-2 AOD during 1980 to 2018 in the MENA region. Apparent
coherency is found between the UVAI (Figure 3a) and AOD (Figure 3f) maps, suggesting UVAI can
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be an indicator to AOD, and vice versa. High CO area usually distributes in the regions with lower
altitude, yet covering the entire MENA during MAM. No significant seasonal variation is observed
in NO2 and SO2 maps, while numerous red spots in the SO2 map are randomly distributed noised
values, which may be due to the lack of observations shown in Figure 2. Meanwhile, the O3 map
shows a seasonal variation in a greater scale mainly governed by the stratospheric circulation [64],
yet not altered by urban pollution, which is also illustrated in the Cairo’s O3 timeseries in Figure 2.
Therefore, we did not use TROPOMI SO2 and O3 data for the following research.
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3.3. Annual Air Polluant Distribution over the Selected Countries Using Sentinel 5P TROPOMI Product
In the Figure 4, the concentration of CO among the countries shows a pattern of distribution
affected by the topography—the higher CO values are located in the lower altitude such as the coast of
the Gulf region (Bahrain, Kuwait, UAE), the Nile Delta region, and the coastal region of Red Sea and
Mediterranean Sea (Israel, Tunisia, Saudi Arabia), which are also the populated regions. Additionally,
high CO values are also distributed in the deserts such as Western Desert of Egypt and eastern province
of Saudi Arabia.
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top to bottom: Algeria, Bahrain, Egypt, Israel, Kuwait, Morocco, Saudi Arabia, Tunisia, and UAE) from
July 11, 2018 till July 10, 2019.
Compared to CO, the NO2 map in Figure 5 demonstrates a distribution significantly related to
human settlements, indicating the NO2 emission is mostly contributed by industries and vehicles
in the region. The concentrated NO2 (red areas) is located in the populated cities such as Bahrain,
Morocco (Casablanca), Tunisia (Tunis), Egypt (the elta region) and multiple cities in Saudi Arabia.
Different from CO, the depopulated desert regions are l s c r cteri e s l 2.
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Figure 5. The annually averaged NO2 distribution map of the nine MENA countries (from left to right,
top to bottom: Algeria, Bahrain, Egypt, Israel, Kuw it, Morocco, Saudi Arabia, Tunisia, and UAE) from
July 11, 2018 til July 1 , 2019.
In Figure 6, the negative UVAI values are fo i s r l ti l id regions such as the
Mediterranean coastal of Algeria, Tunis, a , ll ile elta region, but high in the
arid regions with hig i gs. Here we suggest that the UVAI product may b affected by
the greenness or hum dity of the target area. Besides, UVAI is also altered by the land topography
indicated by Figure 1, showing lower AI val it igh a titude (mountain
areas of Saudi Arabia and Algeria).
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Figure 6. The annually averaged UVAI distribution map of the nine MENA countries (from left to right,
top to bottom: Algeria, Bahrain, Egypt, Israel, Kuwait, Morocco, Saudi Arabia, Tunisia, and UAE) from
July 11, 2018 till July 10, 2019.
Figure 7 demonstrates the correlation between the air pollutants over the selected MENA countries.
Strong positive correlation between CO and NO2 is found in the urban areas: the Nile Delta region
centered Cairo, the cities near the coast of the Gulf and Red Sea and Riyadh in Saudi Arabia (Figure 5).
This is due to the fact that the vehicles and industries in the listed urban regions usually emit both
pollutants simultaneously. The CO and UVAI are showing a weak relationship in most regions
except the negative correlation observed in the south of the Nile Delta close to Cairo. Meanwhile,
the correlation map between UVAI and NO2 also shows a generally weak relationship between them.
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3.4. Spatial Variability and Properties of Aerosol over the Selected Countries
Airborne radiative forcing was evaluated using AOD as it quantifies the opaqueness of the vertical
column of the atmosphere and the Ångström Exponent (α) which demonstrates the dominating size
of the suspended particles being fine or coarse mode fraction. The annual variability of AOD and
Ångström Exponent and their monthly linear scatter plots with regression statistics (R2) are illustrated
in Figures 8 and 9, as well as their detailed information, including mean value (mean), observation
number (N), bound values (upper and lower), and confidence intervals (CI) are listed in Tables 2 and 3.
For Morocco, Tunisia, and Algeria, there is a detectable lessening of the Ångström type along
with high AOD values owing to the y arly residue storm occasion , which blow through Sahara in the
period from 2014 to 2017 as shown in Figure 8.
Egypt, on the other hand experie ces higher AOD values, which corresponds with the known
spring Khamsi storms, in which significant dust residues are transported from Sahara to Eastern
Europe. A hot (above 40 ◦C) and dusty wind blows from the south or southeast in t e North Africa
and the Arabian Peninsula during the late winter and early spring. It blows continuously for three
or four days, depositi g a large amount of dust and sand over the Cairo area [65]. Besides, there is
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a conspicuous increase in the estimation of the Ångström exponent combined with AOD decline in the
period from 2015 to 2017, which implies the strength of fine particulates because of the expansion of
the quantity of vehicles and the contamination from industrial facilities.
Israel likewise experienced a critical rise in the AOD estimation in 2008, which may be caused
by rapid population increase and development that have prompted rapid increase in the quantity of
vehicles from 70,000 to 2,391,000 in 2008. A critical decline in the AOD estimation accompanied by
Ångström exponent variance is observed thereafter because of less dependence on coal derivatives for
power consumption.
Observed contamination over Kuwait and Bahrain is owed to the wide increase in the oil business
because of the increasing demand in many sectors especially in the concrete industry along with the
rapid development rate.
Saudi Arabia (SA) experienced an increase in the AOD values during the recent decades along
with a decline in the Ångström exponent values, which is inversely related to the size of the particles.
The diminishing Ångström exponent obviously shows a pattern from 2012 to 2016 toward moderately
huge aerosol particles, proposing an expanded measure of a coarse mode aerosols dust and for the
most part a dominant role of dust in regard to the AOD inconstancy.
The United Arab Emirates has solid provincial desert dust wellsprings of predominately-coarse
mode particles as well as fine mode fractions from oil extraction and handling offices, which are
situated on islands, ocean stages, and seaside districts of the Arabian Gulf. There is a clear variability
in the two parameters particularly in 2012 where the observed increase in the AOD values along with
the extraordinary abatement in the AE suggests the predominance of coarse mode dust aerosols which
occurred again during 2017.
According to the geographical locations and R2 values, the scatterplots in Figure 9 can be grouped
into four categories: (1) the stations along the Mediterranean coast with low R2 (< 0.1), including
Egypt, Algeria, Israel, Tunisia; (2) the stations near the Gulf region with higher R2 (> 0.3), including
UAE, Bahrain and Kuwait; (3) Saudi Arabia as the inland station with low R2 (< 0.1), and (4) Morocco
situated in the Atlantic coast of Africa with higher R2 (> 0.3). It is noted that a circular effect shown in
Morocco indicates different types of aerosols. This may be due to the impact of the seasonal Saharan
Air Layer aerosols moving off the Africa coast [66]. This is outside the scope of the present paper,
though deserves investigation in the further researches.
Table 2. Detailed information of aerosol optical depth (AOD) in Figure 9.
Country Morocco Algeria Tunisia Egypt Israel Kuwait Bahrain SA UAE
Mean 0.31 0.23 0.17 0.39 0.23 0.45 0.38 0.44 0.41
N 108 145 55 93 172 47 51 67 117
STDEV 0.13 0.14 0.05 0.06 0.07 0.18 0.10 0.18 0.17
Upper 0.33 0.25 0.19 0.40 0.24 0.50 0.40 0.48 0.44
Lower 0.28 0.20 0.16 0.38 0.22 0.40 0.35 0.39 0.38
CI 0.28–0.33 0.20–0.24 0.16–0.18 0.37–0.40 0.22–0.24 0.39–0.49 0.34–0.40 0.39–0.47 0.37–0.43
Table 3. Detailed information of Ångström exponent in Figure 9.
Country Morocco Algeria Tunisia Egypt Israel Kuwait Bahrain SA UAE
Mean 0.51 0.76 0.86 1.03 1.01 0.55 0.82 0.65 0.78
N 108 145 55 93 172 47 51 67 124
STDEV 0.18 0.37 0.18 0.16 0.26 0.30 0.30 0.27 0.32
Upper 0.54 0.82 0.91 1.06 1.04 0.64 0.90 0.72 0.84
Lower 0.47 0.70 0.81 0.99 0.97 0.46 0.74 0.59 0.72
CI 0.47–0.53 0.70–082 0.81–0.90 0.99–1.05 0.96–1.04 0.46–0.63 0.73–0.89 0.58–0.71 0.72–0.83
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3.5. Modeling of the MENA Aerosol Products
Table 4 shows the results of the best model per category of the modeling methods. One of the deep
neural network (DNN) is evaluated as the best model among all models with lowest R squared value
of 0.63 and MAE value of 0.06. This DNN model is constructed with three hidden layers, learning rate
as 0.001 and dropout rate as 0.5. The field importance normalized values (0–100% and sum to 100%)
for each parameter is shown in Figure 10. It provides a measure of the relative importance of the input
parameter to the other parameters to predict the objective field (AERONET AOD). The MERRA-2
(59.45%) is the most important source for the DNN model, while TERRA AOD (3.36%) as the least
important. It is because the MERRA-2 model dataset is generated considering the corrections with
grounds observations including AERONET.
Table 4. The selected model per category.
Ranking Algorithm Name R Squared MAE
1 Deep Neural Network 0.62628 0.06399
2 Random Decision Forest 0.55997 0.07530
3 Linear Regression 0.35081 0.08013
4 Decision Tree 0.24346 0.08129
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observations against AOD values predicted by the selected DNN model, also including the same 
analysis of other five AOD products. The R squared value of DNN model is the highest (>0.52) than 
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products have narrower range from 0 to 0.6. The OMI product has lowest R squared value (0.1083) 
and x coefficient (0.27), indicating the OMI significantly overestimate the AOD values. Similarly, the 
other four products also overestimated the AOD values to different extent. Instead, the DNN model 
matched AERONET observations well, with x coefficient close to 1 (1.0667) and intercept close to 0 (-
0.0071). The analysis proved the DNN model can effectively optimize the results from the available 
AOD products. Similarly, the usage of DNN also has been proved to be effective to predict and 
estimate the other parameters related to human health and living conditions such as PM10 and 
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Figure 10. The field importance of parameters for the deep neural network (DNN) model.
The regression analysis of the testing dataset in Figure 11 shows the AERONET AOD observations
against AOD values predicted by the selected DNN model, also including the same analysis of other
five AOD products. The R squared value of DNN model is the highest (>0.52) than all of the other AOD
products (0.11–0.34) with MERRA-2 as the second best product which contributes most information to
the DNN model (Figure 10). The AQUA and TERRA products have the similar wide distributions of
AOD ranging from 0 to over 1.0, whereas the MISR and MERRA-2 products have narrower range from
0 to 0.6. The OMI product has lowest R squared value (0.1083) and x coefficient (0.27), indicating the
OMI significantly overestimate the AOD values. Similarly, the other four products also overestimated
the AOD values to different extent. Instead, the DNN model matched AERONET observations well,
with x coefficient close to 1 (1.0667) and intercept close to 0 (-0.0071). The analysis proved the DNN
model can effectively optimize the results from the available AOD products. Similarly, the usage of
DNN also has been proved to be effective to predict and estimate the other parameters related to
human health and living conditions such as PM10 and precipitation [67,68].
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4. Discussion
The air pollution resulted fro t t economic growth and urban d velopment in the
cities of MENA region further affecte t it ation of the dense population. In spite of the
fact that in the previous couple of ye , i ation discharges have dim nished s a result of
fina cial emergencies clashes in the area [69]. In any case, p llution lev ls ar exponentially
high, including aerosols that add to a high foundation of common particles, prompting in excess
of 100,000 unexpected deaths every year in the MENA region [70]. For example, the “black cloud”
occurring annually in the Greater Cairo and Nile Delta region is associated with burning of rural
agriculture waste in combination with the industrial and transport emissions [27,51,71–73], making
Cairo as the “worst” polluted city in terms of particulate matter concentrations in the World bank report
for 2007 [74]. As it is illustrated in the Figure 2, even the sub regions within Cairo bore the burden of air
pollutant diversely, with the advances of using high-resolution TROPOMI products, providing useful
information to the administration for effective management operations. The other Figures showing
distribution and intensity of air quality indictors among the countries demonstrates their relationship
in an intercountry perspective, saying the air pollutants are connected and transport without the
boundaries. These facts indicate the air pollution problem in the urban area is not contributed by the
city and should be managed in a broader scope. However, the pattern of ozone is rather different when
compared with other indicators. Further study of ozone and other pollutants is needed, but is out of
the scope of this work. As the precursor of tropos heric ozone and secondary aerosols, t nitrogen
oxides (NO + NO2 = NOx) play an important role in troposphe ic chemistry [75]. For the MENA
region, the NO2 over the urban areas is closely related to the local NOx emissions and its lifetime
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usually lasts several hours in urban plumes [69]. However, the lifetime of CO in the troposphere is
about one month, which is long enough to have long transport with winds but enough to mix evenly
throughout the atmosphere [76]. Therefore, the correlation analysis of the air pollutant species as
shown in the Figure 7 should consider their lifetimes using the lagged methods; adequate data is
obtained from the TROPOMI products.
In this study, Figure 9 shows the regional differences between the Mediterranean and the Gulf coast
stations regarding the statistics such as R2. Both regions are rich in dust and industrial pollutant while
the Mediterranean coastal regions are also more likely affected by the transporting marine aerosols
such as sea salt. The lower R2 may be due to the mixture of different aerosol types in this region,
where marine aerosols are usually mixed with dust and smoke yet occasionally dominating in some
emerging aerosol episodes [68]. Different aerosol sources have different impacts on the urban human
health related parameters, including solar radiation, air temperature, humidity, and UV exposure.
Moreover, the dust aerosols as a type of air quality component are also highly vulnerable to changes
in climate [77,78]. Being covered mostly by drylands, the MENA region is frequently threatened
by dust storms, causing massive damages to people, agriculture, and economy [79]. The increase
in temperatures and evapotranspiration, change in precipitation regime, intensification or change
in frequencies of extreme events can directly trigger or enhance the desertification processes [39].
For example, dust loads have been increasing because of the Fertile Crescent drought in the last decade
in the MENA region. In addition, even though natural variations, such as a swing back to wetter
phases of the Pacific Decadal Oscillation (PDO) and El Niño/Southern Oscillation (ENSO) patterns, may
temporarily relieve drought conditions and reduce the frequency of dust storms currently plaguing
the Arabian Peninsula, long-term climate models indicate temperatures in the region will continue to
rise, in response to rising levels of greenhouse gases, and the hot, dry trend will continue, leading
to an overall increase in the number of significant regional dust events [80]. Then again, the dust
could likewise affect the climate through: (1) vary the energy balance of the Earth-Atmospheric system
through changing radiative driving [81,82]; (2) lead to contrasts in cloud microphysics and its radiative
properties [82]; (3) diminish the snow albedo through dust deposition [83–87]; (4) increased mineral
supplement supply to the seas, thereby upgrading the development of marine phytoplankton. Since
the center of the twentieth century, the yearly number of strangely hot days and evenings in the
Middle East has officially expanded through the number of cool days and evenings has diminished
essentially [82]. The impact of aerosols on the climate change will in turn affect the human welfare
and living environment. This situation requires more accurate analysis and monitoring of the dust
aerosol products, which the application of recent breakthrough of machine learning tools and methods
can generate optimized satellite-based products in order to improve our understanding of aerosol
characteristics and its impact on the climate studies.
5. Conclusions
This study expands on creating more synergistic activities between new satellite observations,
namely Sentinal-5P sensors in association with more accurate ground-based AERONET observations
covering the MENA region. In this research, our approach revealed the air pollutants impact on urban
and human health in the region under investigation during 2018–2019. Generally, the ground-based
derived AOD values show a varying dust behavior over the region, yet with an inclining trend in the
most recent years over some of the countries in the region. We believe that these increases exhibit
extra anthropogenic airborne discharges, where these raised residue outflows are more likely to be
identified with dry spell conditions associated with high temperatures. The newly available data from
TROPOMI on board Sentinel-5 Precursor, shows annual mean high resolution maps of selected air
quality indicators of the MENA countries for the first time. Meanwhile, the DNN model built from
multiple satellite-borne AOD products can predict the surface AOD values with better correlation
to ground AOD observations. We demonstrate how advances in machine learning methodology
substantially improves satellite-derived AOD products for dust and air pollution modeling. It also
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suggests that the use of machine learning models will be an important supplement to extend our
knowledge of aerosol variability in the MENA regions.
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